Unmanned aerial vehicle (UAV) as an aerial base station is a promising technology to rapidly provide wireless connectivity to ground users. Given UAV's agility and mobility, a key question is how to adapt UAV deployment to best cater to the instantaneous wireless traffic in a territory. In this paper, we propose an adaptive deployment scheme for a UAV-aided communication network, where the UAV adapts its displacement direction and distance to serve randomly moving users' instantaneous traffic in the target cell. In our adaptive scheme, the UAV does not need to learn users' exact locations in real time, but chooses its displacement direction based on a simple majority rule by flying to the spatial sector with the greatest number of users in the cell. To balance the service qualities of the users in different sectors, we further optimize the UAV's displacement distance in the chosen sector to maximize the average throughput and the successful transmission probability, respectively. We prove that the optimal displacement distance for average throughput maximization decreases with the user density: the UAV moves to the center of the chosen sector when the user density is small and the UAV displacement becomes mild when the user density is large. In contrast, the optimal displacement distance for success probability maximization does not necessarily decrease with the user density and further depends on the target signal-to-noise ratio (SNR) threshold. Extensive simulations show that the proposed adaptive deployment scheme outperforms the traditional non-adaptive scheme, especially when the user density is not large.
traffic-aware adaptive UAV deployment under the limited side information of user locations. The key contributions of this work are summarized as follows.
• Novel traffic-aware adaptive UAV deployment: To best cater to the instantaneous user traffic in each realization, we propose a traffic-aware adaptive UAV deployment scheme in Section II, where the UAV only needs to know the numbers of users in different spatial sectors and decides where to fly by following a simple majority-vote rule regarding users' numbers in different sectors. That is, the UAV flies to the sector that has the greatest number of users with a certain displacement distance within the sector, where the optimal distance is further designed by maximizing different quality of service (QoS) objectives.
• Average throughput maximization via optimal UAV displacement: In Section III, we consider a delay-tolerant variable-rate system, where the UAV (or user) transmits signal in downlink (or uplink) with best-effort by adapting its rate according to the transmission distance.
For this case, we derive the average throughput of the users in a one-dimensional (1D) ground network under the proposed adaptive deployment scheme. The optimal displacement distance in the chosen sector is further designed by maximizing the average throughput of the users in the cell. We show that the optimal displacement distance decreases with the user density, i.e., the UAV should move to the center of the intended sector in the low user density regime and the displacement distance is small when the user density is large.
• Successful transmission probability maximization via optimal UAV displacement: In Section IV, we consider a delay-limited fixed-rate system, where the UAV (or user) transmits with a fixed rate and a transmission is successful if the signal-to-noise ratio (SNR) at the receiver exceeds a target threshold. We derive the optimal displacement distance in the chosen sector to maximize the success probability of an arbitrary user in the cell. We show that the optimal displacement distance critically depends on the target SNR. In the high target SNR regime, the UAV's coverage region is not large enough to cover the intended sector. As a result, the corresponding optimal UAV placement is at any point ensuring that its coverage region is within the chosen sector. While in the low target SNR regime, the UAV is able to serve not only the users in the intended sector but also those in the neighboring sector. The corresponding optimal displacement distance thus becomes unique and increases with the SNR threshold.
• Extension to a 2D ground network: We further extend the deployment design and analysis to a 2D random user network in Section V, where the UAV has multiple displacement directions to adapt in general. We consider the similar user-number based majority-vote rule for choosing the UAV displacement sector and further optimize the UAV displacement distance under the objectives of average throughput maximization and success probability maximization, respectively. We show that most of the main results for the 1D network hold for the 2D scenario. A key difference is that, the optimal displacement distance that maximizes the successful transmission probability changes with the user density in the low target SNR regime for the 2D network, while it is independent of the user density for the 1D network. Finally, we show that the proposed adaptive deployment scheme outperforms the traditional non-adaptive scheme in terms of both average throughput and success probability in both the 1D and 2D scenarios, especially when the user density is not large. Moreover, in Section VI, we numerically show that the performance can be further improved if the UAV ideally has precise information of user locations in real time.
II. SYSTEM MODEL
To start with, we consider a 1D terrestrial user network shown in Fig. 1 , where a UAV serves a group of mobile users (MUs) within its cell boundary in either uplink or downlink. Each MU is allocated with a fixed bandwidth, where we assume the number of channels is always sufficient (e.g., narrowband FDMA systems [24] ). The transmit power of the UAV in the downlink (or user in the uplink) is P t . The MUs (e.g., on an avenue) follow a 1D homogeneous PPP {X m } with density λ, where X m is the coordinate of MU m on the ground. One application of such 1D scenario is to consider that the UAV is providing coverage to a road passing through a rural area. Later in Section V, we will extend our deployment scheme and analysis to a 2D scenario.
We assume that the UAV is operating at a fixed minimum altitude h under the air traffic control.
The initial location of the UAV is at the center of the target cell, i.e., (U 0 , h) = (0, h). The target service area of the UAV on the ground is a line segment S = [−R, R], which is partitioned into the left spatial sector S 1 = [−R, 0) and right sector S 2 = [0, R]. In one realization of the network, we denote the numbers of the MUs inside S 1 and S 2 as k 1 and k 2 , respectively, and denote the total number of the MUs inside the cell as k = k 1 + k 2 .
We now propose a traffic-aware adaptive UAV deployment scheme, where the UAV does not know users' exact instantaneous locations due to the lack of precise user positioning technique in practical situations (e.g. search and rescue). Instead, it relocates according to the side information on user locations, i.e., the numbers k 1 and k 2 , which may change over time. In each realization, the UAV chooses one out of the three deployment positions (U j , h) (for j = 0, 1, 2) in Fig. 1 as its new displacement location by following a simple majority-vote rule, i.e.,
We denote β ∈ [0, 1] as the displacement factor to reach the displacement distance βR in each sector, which will be designed optimally for maximizing the average throughput in Sections III and maximizing the success probability in Section IV, respectively. The UAV keeps updating its displacement location U j according to (1) across different network realizations. 1 There is a natural tradeoff in the design of β. If the UAV moves into one sector, it shortens the distance from the cell-edge users in this sector, which however comes at the cost of farther distance from the users located opposite to its moving direction in this sector and all users in the other sector. We aim at designing the optimal β that maximizes the performance of the overall network to give a good balance between the two sides. For ease of implementation, we adopt the same displacement factor β across the realizations and design the optimal β * offline by maximizing the long-term average performance per user. Once the optimal β * is obtained, the UAV chooses its displacement direction according to (1) for each realization in the online operation. In Section VI, 1 We consider the UAV has fast moving capability and the user numbers change in a much slower pace as compared with the relocation time of the UAV. 6 we will show that updating with a different β in each realization does not bring in significant gain in a long run. Furthermore, we consider our UAV adaptation scheme is not affected by the lifetime issue of the UAV since the adaptation time of the UAV (e.g., seconds or minutes) is usually much shorter compared with its total operation time (e.g., up to a few hours).
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For performance evaluation, we randomly select a typical user, i.e., MU 0 , from the k users (assuming k > 0) in each realization. Since the user locations are independently and identical distributed (i.i.d.), the analysis of the average performance of the typical user is equivalent to that of any arbitrary user in the random network. To model the air-to-ground channels between the UAV and the users, we choose Rician fading which consists of a line-of-sight (LoS) component and a large number of i.i.d. reflected and scattered waves. Under Rician fading, the received signal amplitude y follows a Rician distribution with the probability density function (PDF) of
where P r is the average received power at the UAV (or MU), κ factor is the ratio between the energy in the LoS component and the energy in the NLoS component, and I 0 (.) is the modified Bessel function of the first kind and zeroth order [24] . In the sub-urban and rural areas, LoS link is usually dominating any other links [20] . This corresponds to Rician fading with high κ factor. In Sections III-V, we will focus on analyzing the long-term average user performance from an ergodic sense, which means to average over the short-term fading channels caused by the NLoS components. The direct analysis is difficult due to the existence of Bessel function in the Rician PDF. However, by using Jensen's inequality, one can deduce that the ergordic performance metrics are tightly upper-bounded (approximated) by that of LoS link for high κ factor. In other words, the LoS channel can provide a good approximation for the air-ground channel in suburban scenarios. As such, similar to [3, 5, 6, 8] , we model the communication channel between the UAV and each MU 0 by the LoS link that follows the free-space path loss model [24, Chapter 2], i.e.,
where θ(dB) = −20 log 10 (4πd/ν) denotes the channel power at the reference distance of d with wavelength ν. We adopt d = 1 meter throughout the paper and assume the additive white 2 Moreover, the energy sustainability issue can be solved by periodically replacing the battery or by considering a tethered UAV that is connected with a moving ground vehicle which provides a continuous power supply to the UAV through the hardwire tether from the ground.
Gaussian noise has zero mean and variance σ 2 . Hence, the signal-to-noise ratio (SNR) of MU 0 is given by
For simplicity, we denote a = P t θ/σ 2 in the rest of the paper.
In the following two sections, we will design the optimal displacement factor β that maximizes the average throughput and success probability of the typical user in the 1D scenario, respectively.
III. AVERAGE THROUGHPUT MAXIMIZATION WITH 1D ADAPTIVE UAV DEPLOYMENT
In this section, we study the design of the 1D displacement distance βR for average throughput maximization under the adaptive deployment scheme in (1). For users' traffic, we consider the best-effort data applications such as web browsing and video streaming, which are in general delay-tolerant and admit variable-rate transmission. To quantify how the traffic load affects the design of β from an average perspective, we adopt the same β across different MU number and location realizations that maximizes the long-term average throughput of MUs. Note that here we decide the adaptive UAV deployment according to the relationship between k 1 and k 2 as given in (1) . In Appendix A, we further extend our study to design a different β for each realization according to the exact numbers of k 1 and k 2 , and the performance improvement of this scheme over that given in (1) is shown to be very mild in Section VI.
Given the specific locations of the UAV and the typical user MU 0 in a realization, the throughput of MU 0 is 3 C = log(1 + γ).
To evaluate (5) for our adaptive UAV deployment scheme, we should be able to find at least one typical user (k ≥ 1) inside the cell by excluding the no user case. Otherwise, it does not matter how the UAV moves given zero user to serve. By taking the expectation of (5) over all three location candidates of the UAV, i.e., U j (j = 0, 1, 2) and the two sectors that MU 0 may belong to, i.e., X 0 ∈ S i (i = 1, 2), the average throughput of MU 0 is given by
where we denote the joint probability that UAV is displaced to U j and MU 0 is inside S i as
and the conditional average throughput of the MU 0 given it is inside the sector S i and UAV is displaced to U j as
Since the analysis is symmetric for the cases of X 0 ∈ S 1 and X 0 ∈ S 2 , we can replace 2 i=1 in (6) by 2 and just focus on the analysis of the case of X 0 ∈ S 1 . As such, we rewrite (6) as
By a slightly abuse of notation, we replace q 1,j and ω 1,j by q j and ω j in the rest of the paper.
A. Analysis of UAV Displacement Probability q j
We first derive the joint probability of q j in (7) . Note that the events of U = U j and X 0 ∈ S i are correlated since MU 0 is one of the k users whose locations affect the displacement decision of the UAV. According to the probability chain rule, we have
By further derivations, we obtain q j in the following proposition.
Proposition 1:
The joint probability that the UAV is displaced to (U j , h) while X 0 ∈ S 1 is
Proof: First, we derive the first term Pr k = K k ≥ 1 in the summation of (10) . Since the MUs follow PPP with density of λ, the total user number k inside the target cell [−R, R] is a Poisson random variable with the mean value of µ = 2λR. We denote µ as the average traffic load in the cell. The probability mass function (PMF) is given by
by Poi(µ). Conditioned on k ≥ 1, the conditional PMF is thus given by
We then derive the second term Pr X 0 ∈ S 1 k = K, k ≥ 1 in (10). As k ∼ Poi(µ) and the two sectors are equally partitioned, we have k 1 ∼ Poi(µ/2) and k 2 ∼ Poi(µ/2). Using the
), which indicates that each of the k i.i.d. MUs falls into the two sectors with equal probabilities. As the typical users is chosen from these MUs, we thus have
The third term (10) can be deduced as follows. Given
⌋ out of the rest of K − 1 users fall into the sector S 2 , where the floor function ensures that k 2 is an integer. We thus have (11a). Conditioned on X 0 ∈ S 1 and
⌋ − 1 out of the rest of K − 1 users are inside S 1 . We thus have (11b). The UAV chooses the center displacement position of (U 0 , h) if neither of the above cases happens. Since
we have (11c).
Based on (11a) and (11b), we can easily deduce that q 1 > q 2 . To obtain more insights on how the average traffic load affects the joint probability q j , we examine some asymptotic properties in the following corollary.
Corollary 1:
As the average traffic load in the cell goes to zero (i.e., µ → 0), the displacement probabilities of the UAV satisfy
, q 2 → 0 and q 0 → 0. As µ → ∞, the displacement
and q 0 → 0.
Proof: By further derivations, we can simplify the third term in (10) for j = 1 as
and for j = 2 as
As µ → 0, we have e −µ = 1 − µ. According to (12b), we deduce that lim
1. For k = 1, we can deduce from (15a) and (16a) that lim
By substituting them and (13) into (10), we have lim As µ → ∞, we are almost sure that lim
and can obtain from (16a) and (16b) that lim
By substituting them and (13) into (10) . Thus we have lim
Remark 1: Based on Corollary 1, the typical MU 0 's location affects the UAV's displacement location significantly when the average traffic load is low. As µ → 0, MU 0 is very likely to be the only MU in the cell given k ≥ 1. Conditioned on X 0 ∈ S 1 , the UAV will surely move to U = U 1 . Since the probability of X 0 ∈ S 1 is 1/2, the joint probability of the events of X 0 ∈ S 1 and U = U 1 is thus 1/2. For very high traffic load, the impact of MU 0 's location on the UAV's displacement location is trivial. As µ → ∞, the events of X 0 ∈ S 1 and U = U 1 are almost independent and each happens with the probability of 1/2. The joint probability of the two events is thus 1/4.
B. Average Throughput of MU 0
We now derive the conditional average throughput ω j . Conditioned on that the UAV moves to U j and MU 0 is within S 1 , the average throughput is given by
where
Substituting all q j in (11a), (11b) and (11c) and ω j in (17) for j = 0, 1, 2 into (6), the average throughput of MU 0 is given by the following proposition.
Proposition 2:
In the UAV-aided 1D mobile network, the average throughput of the typical MU 0 under the adaptive UAV deployment scheme in (1) is given by
In the following corollary, we prove that E C k ≥ 1 in Proposition 2 above is concave in β.
Corollary 2: E C k ≥ 1 is strictly concave in the displacement factor β for β ∈ [0, 1].
Proof: The average throughput in (18) is a linear combination of ζ, κ, ξ, ϑ and the probabilities q j (j = 0, 1, 2). Since ϑ and q j are not functions of β, we just check the second derivatives of ζ, κ and ξ with respect to β, i.e.,
, and
where the equality signs of the first and second terms hold if β = 1 and β = 0, respectively. Based on Proposition 1, we have q 1 > 0, q 2 ≥ 0 and q 1 > q 2 .
We thus have
is strictly concave in β.
Remark 2: Intuitively, Corollary 2 tells a fundamental tradeoff in the displacement distance design. If the displacement distance is small, the UAV cannot efficiently serve the users in the target sector with more MUs. If the displacement distance is large, the MUs in the other sector with less MUs will suffer from great throughput degradation. Thus, designing the optimal displacement distance is of critical importance to maximize the network average throughput.
C. Optimal Displacement Factor
According to Corollary 2, there is a unique optimal displacement factor β that maximizes the average throughput. The optimization problem is
By solving P1, we have the following proposition. 4 Proposition 3: The optimal displacement factor β * that maximizes the average throughput E C k ≥ 1 is the unique solution to
4 Note that the final formula of β * as the root of (20) in Proposition 3 cannot be obtained explicitly but can be solved numerically via root-finding algorithms, e.g., bisection search. Similar approaches will be applied to find the solutions of β * to other implicit equations in Propositions 7 and 8 in Section V.
. The optimal β * decreases with average traffic load µ in the cell. Furthermore, we have β * → 1 2
as µ → 0 and β * → 0 as µ → ∞, respectively.
Proof: Due to the concavity of the objective function of P1 as shown in Corollary 2, it is enough to check the first-order condition. We thus have (20) or equivalently q 1 /q 2 = ̺ 2 /̺ 1 .
We can prove that ̺ 2 /̺ 1 is positive for β * ∈ [0, 0.5] and negative for β * ∈ [0.5, 1], respectively.
Since q 1 /q 2 > 0, the feasible β * should be within the regime of [0, 0.5]. In this regime, ̺ 2 /̺ 1 is monotonically increasing in β * . According to (11a) and (11b), q 1 decreases with µ, and q 2 increases with µ, respectively. Thus, q 1 /q 2 decreases with µ. As a result, β * decreases with µ.
We then prove the asymptotic results of β * in terms of µ. As µ → 0, we have q 1 → 1/2 and We further compare the maximum average throughput E[C(β * )|k ≥ 1] with the average throughput E[C 0 |k ≥ 1] in the non-adaptive scheme. For the non-adaptive scheme, the UAV is located at the origin, which is a special case of the proposed scheme by using β = 0. Since
is concave in β, we obtain the following corollary.
Corollary 3:
The maximum average throughput in the proposed adaptive UAV deployment scheme with the optimal β * outperforms that of the non-adaptive scheme, i.e., E[C(β
IV. SUCCESSFUL TRANSMISSION PROBABILITY MAXIMIZATION WITH 1D ADAPTIVE UAV DEPLOYMENT
In this section, we study the optimal UAV deployment for a delay-limited constant-rate transmission application (voice call or on-line gaming), where the UAV/MUs transmit with a constant rate in the downlink/uplink and the transmission is successful if the instantaneous SNR at the receiver is greater than the target threshold of γ th . In the following, we design the optimal β to maximize the probability that the UAV successfully transmits/receives message to/from the typical MU 0 under the proposed 1D adaptive UAV deployment scheme in (1) . Intuitively, the design of β is related to the SNR threshold. For example, when the SNR target is low, the UAV has relatively large coverage and does not need to move far away from the cell center.
To obtain the insight on how the SNR threshold affects the UAV deployment distance from an average perspective, we adopt the same β across different MU number/location realizations in the following discussions. At the end of this section, we will show that this is exactly equivalent to updating with a different β in each realization due to the unique successful transmission (success in short) probability metric.
A. Tractable Analysis of Success Probability
Conditioned on k ≥ 1, the success probability of MU 0 is defined as the probability that the received SNR γ in (4) is no smaller than the target SNR threshold γ th , i.e.,
where we denote ρ = a γ th − h 2 with a = P t θ/σ 2 as the UAV's coverage radius that describes the maximum horizontal distance between MU 0 and UAV for achieving the target SNR performance. Given the UAV is in the position of (U j , h) in Fig. 1 , the corresponding coverage region is thus [U j − ρ, U j + ρ]. Since we always have p = 1 once ρ ≥ R even in the non-adaptive scheme, in the sequel, we focus on the scenario of 0 < ρ < R.
Similar to the derivation of the average throughput in (6), we have
where the displacement probability q j is given in Proposition 1, and we further denote η j = Pr |X 0 − U| ≤ ρ U = U j , X 0 ∈ S 1 as the conditional success probability of MU 0 . By recalling the property of
given in (14) , the overall success probability of MU 0 in (22) is given by the following proposition.
Proposition 4:
Under the adaptive 1D scheme in (1), the success probability of the typical
B. Optimal Displacement Factor
In this subsection, we design the optimal displacement factor β to maximize the success probability of the typical MU 0 given in Proposition 4. That is,
P2
: max
Note, the constraint of ρ + βR ≤ R ensures the UAV does not move its coverage region outside the cell. Since q 1 > q 2 , we can easily prove that the success probability p(β) in Proposition 4
is a concave function of β. By solving P2, we have the following proposition.
< ρ ≤ R, the unique optimal displacement factor is β
We can prove that the optimal β * in Proposition 5 holds even if we allow the UAV to maximize the success probability in each realization according to the exact values of k 1 = K 1 and k 2 = K 2 (except for the symmetric case of K 1 = K 2 where we always have β * = 0). For example, if
, the success probability p can be obtained by substituting q 0 = 0,
and q 2 = K 2 /(K 1 + K 2 ) into Proposition 4 (the derivation is similar to that in Appendix A). By solving P2, β * is given by Proposition 5 as well. The similar proof applies for K 1 < K 2 .
We now assume K 1 > K 2 for the UAV's displacement to sector S 1 and present the intuitive explanations for Proposition 5.
, the coverage region of the UAV is not large enough to cover the whole sector of S 1 . In this case, without knowing the specific locations of the users, the optimal strategy for the UAV is to keep its coverage region [U 1 − ρ, U 1 + ρ] within S 1 . Thus, any UAV location point that satisfies the above condition is optimal.
• If R 2 < ρ ≤ R, the UAV is able to not only provide full coverage for the users in S 1 but also cover S 2 as much as possible. Note that the UAV still has more preference for serving the users in S 1 than S 2 given most of the users are in S 1 . To avoid moving its coverage R R Fig. 2 . A UAV-aided two-dimensional network. The UAV is adaptively dispatched to one of the five candidate locations of (Uj , h), where U0 = (0, 0), U1 = (βR, βR), U2 = (−βR, βR), U3 = (−βR, −βR), and U4 = (βR, −βR).
region outside the cell and save coverage for S 1 , the left-most coverage should just reach the left boundary of S 1 .
We further compare the maximum success probability p(β * ) with the success probability p 0 in the non-adaptive scheme. Based on Propositions 4 and 5, p(β) is increasing in β ∈ [0, β * ] for both cases of ρ ∈ [0, R/2] and ρ ∈ [R/2, R), we thus have the following corollary.
Corollary 4:
The maximum success probability with the proposed adaptive scheme in (1) strictly outperforms that of the non-adaptive scheme, i.e., p(β * ) > p 0 , for any ρ ∈ [0, R).
V. EXTENSION OF ADAPTIVE UAV DEPLOYMENT FOR 2D USER NETWORK
In this section, we extend the design and analysis to the 2D MU network to maximize the average throughput and success probability of the typical user, respectively.
We plot the UAV-aided 2D network in Fig. 2 . The MUs follow a homogeneous PPP {W m } with the spatial density of λ, where W m is the coordinate of MU m in R 2 on the ground. The UAV aims at serving the users that are inside its target cell which is modeled as a square region with the width of 2R. The initial location (or that of the non-adaptive scheme) of the UAV is at the center of the square with the height of h, i.e., (U 0 , h) = (0, 0, h). We equally divide the target cell into four sectors S i (i = 1, 2, 3, 4). In one realization, we denote the number of MUs in sector S i as k i and the total number of users in the cell as k. Similar to the 1D case, we consider that the UAV knows and adapts to only the number of MUs in each sector without knowing the specific locations of the MUs.
Different from the 1D network in Fig. 1 , the UAV deployment in the 2D network involves not only the displacement distance but also multiple moving directions. In this section, we adopt the same majority-vote rule as in the 1D case for simplicity and assume that the UAV has limited moving direction choices, i.e., it moves only along the two diagonals of the square cell. Hence, the UAV adapts its location U by choosing one of the five displacement positions (U j , h) = (U j,x , U j,y , h) (for j = 0, 1, 2, 3, 4) as its new displacement location (U, h), i.e.,
where U 0 = (0, 0), U 1 = (βR, βR), U 2 = (−βR, βR), U 3 = (−βR, −βR) and U 4 = (βR, −βR)
as shown in Fig. 2 . To obtain the insights on how the traffic load and target SNR threshold affect the deployment distance, we adopt the same β across different realizations as in the 1D network case. We will extend and also compare it with other schemes in Section VI. In the following, we will derive the optimal β * to maximize the objectives of the average throughput and success probability, respectively.
A. 2D Adaptive UAV Deployment for Average Throughput Maximization
In this subsection, we analyze the optimal displacement factor for average throughput maximization under the proposed 2D adaptive UAV deployment in (25).
To evaluate the performance of an arbitrary MU, we randomly select a typical MU from the existing MUs (if any) inside the cell, denoted by MU 0 , where its 2D ground location is denoted
The throughput of MU 0 is given by
where both W 0 and U are 2D random variables that are correlated with each other.
1) Tractable Analysis of Average Throughput:
To derive the long-term average throughput of MU 0 , we average over the five location candidates of the UAV, i.e., U j (j = 0, 1, 2, 3, 4) and the four location regions of the MU 0 , i.e., W 0 ∈ S i (i = 1, 2, 3, 4). According to the probability chain rule, the average throughput in (27) assuming at least one MU's presence is given by
Since the analysis is symmetric for all the four cases of W 0 ∈ S i , we can replace 4 i=1 in (28) by 4 and just focus on the analysis of case W 0 ∈ S 1 . As such, we rewrite (28) as
where we denote the joint probability that the UAV is displaced U j and MU 0 is inside S 1 as
The derivation of (30) is challenging due to the correlation between U = U j and W 0 ∈ S i . This is because that MU 0 is one of the users whose locations affect the displacement decision of the UAV. Moreover, the events of k j > k i and k j > k n (for any other sector n = i) are also correlated, so that we cannot decompose the events of
independent events of k j > k i . We thus adopt the multi-layer convolution to solve this problem.
To generalize the results, we consider the general M-sector case and will derive the average throughput using M = 4 (as in Fig. 2 ) for tractable results later. We obtain q j in the following.
Proposition 6:
Conditioned on k ≥ 1 in the M-sector MU network, the joint probability that the UAV chooses the displacement position of U = U j (for j = 0, 1, 2, 3, 4) and the typical MU 0 is inside the sector S 1 in an M-sector MU network is given by
where µ = 4R 2 λ is the average number of users in the cell. As the average user number in the cell µ → 0, we have q 1 → 1/M and q j → 0 for any j = 1. As µ → ∞, we have q 0 → 0 and
Proof: See Appendix B.
The insight of Proposition 6 is similar to that of Remark 1 by replacing 1/2 in the 1D's two sector case by 1/M here in 2D, though we have adopted two different methods to derive the joint probabilities for the 1D and 2D networks.
Conditioned on the joint event that the UAV is displaced to U j and MU 0 is within S 1 , the average throughput of the typical user for the case of M = 4 is given by
By substituting q j in Proposition 6 and (32) for j = 0, 1, 2, 3, 4 into (29), we can obtain the expression of E[C k ≥ 1], for which the exact expression is omitted for brevity.
2) Optimal Displacement Factor for Average Throughput Maximization:
Similar to P1 for the 1D network, we now derive the optimal displacement distance for average throughput maximization for the 2D network. We can prove that E[C k ≥ 1] is concave in β and there is a unique optimal displacement factor β by solving the first-order condition dE C k ≥ 1 /dβ = 0. To further simplify the above equation, we define three special functions of
and s(z, v) = zR log 1 + a h 2 +z 2 R 2 +v 2 R 2 . Due to the symmetric properties, we use q 2 to represent all identical q j for j = 0, 1 without loss of generality. The optimal β * is given in the following proposition.
Proposition 7:
Under the proposed 2D adaptive UAV deployment scheme in (25), the UAV's optimal displacement factor β * that maximizes the average throughput of the typical MU 0 is the unique solution to
As µ → 0, we have β * → 0.5; and as µ → ∞, we have β * → 0. We see that the above asymptotic results of the optimal β * is similar to Proposition 3 of the 1D network, where the UAV moves to the center of the chosen sector when the user density is small and the UAV displacement becomes mild when the user density is large.
B. 2D Adaptive UAV Deployment for Success Probability Maximization
In this subsection, we derive the optimal displacement distance for success probability maximization in 2D and discuss how it changes with the target SNR threshold and average traffic load. Similar to (29), the success probability of MU 0 in the four-sector 2D network is
where q j is given in Proposition 6 and η j = Pr W 0 − U ≤ ρ U = U j , W 0 ∈ S 1 . For the 2D MU network, the UAV's coverage region is no longer a line interval but a circular disk that is centered at U with radius ρ = a γ th − h 2 . We can prove that p is concave in β and derive the optimal β * similar to P2. We replace ρ + βR < R by ρ + √ 2βR < √ 2R for the 2D network to ensure that the UAV does not waste its coverage outside the cell. We use q 2 to replace any identical q j (∀ j = 0, 1) without loss of generality.
Proposition 8:
The UAV's optimal displacement factor β * that maximizes the success probability for the typical MU 0 in the 2D MU network is given by
where β * 0 is any point within the regime of
, and β * 4 is the unique solution to
From Proposition 8, the optimal β * not only depends on the target SNR γ th (which is reflected by ρ) but also the average traffic load µ (which is reflected by q j ). If ρ < R/2, the optimal
is the same as that of the 1D network in Proposition 5. If ρ ≥ R/2, the optimal β * in (35b)-(35f) depends on µ in the 2D network, which is a sharp contrast to β * = 1 − ρ/R regardless of µ for all ρ ∈ [R/2, R] in the 1D network as shown in Proposition 5.
To provide more insight on how β * changes with ρ (or γ th ) and µ, we further discuss the asymptotic results for the optimal β * for sufficiently low traffic load (as µ → 0) and sufficiently high traffic load (µ → ∞), respectively.
Corollary 5:
As µ → 0, we have
As µ → ∞, we have
Proof: As µ → 0, we have q 1 → 1/4 and q 2 → 0 according to Proposition 6. By substituting q 1 and q 2 into (35b), (35d) and (35e), we further obtain 
We now assume k 1 > max(k 2 , k 3 , k 4 ) and give more intuitive explanations of Corollary 5.
Basically, µ → 0 tells the typical user is likely to be the only user in the cell and we thus decide the aggressive UAV deployment to cover S 1 as much as possible, while µ → ∞ tells that the users are more evenly distributed in all sectors and we thus decide the conservative Fig. 3 . Graphical illustration of the asymptotically optimal UAV displacement in Corollary 5 given k1 > max(k2, k3, k4) or U = U1. The pink dashed circle and blue solid circle are the coverage regions for µ → 0 and µ → ∞, respectively. The pink hollowed dot and blue solid dot are the optimal UAV displacement locations for µ → 0 and µ → ∞, respectively.
UAV deployment that covers the other sectors as well. More specifically, we have the following discussions.
• If ρ ∈ [0, R/2], the UAV's coverage region is far from enough to cover the whole S 1 as shown in Fig. 3(a) . In this case, the optimal displacement location of the UAV is any point along the displacement direction that guarantees the circular coverage region of the UAV to be within S 1 . The corresponding results in (36a) and (37a) are the same for any µ, which is consistent with Proposition 5 in the 1D case.
• If ρ ∈ [R/2, √ 2R/2), the UAV's coverage region is larger but still not enough to cover the whole S 1 including its corners as shown in Fig. 3(b) . When the traffic load is sufficiently low (as µ → 0), given k ≥ 1 and k 1 > max(k 2 , k 3 , k 4 ), it is very likely that S 1 is the only sector that has a user. The best strategy for the UAV is to move to the center of S 1 ,
i.e., β * = 1/2 as in (36b) or the pink hollowed dot in Fig. 3(b) . When the traffic load is sufficiently high (as µ → ∞), each sector has a similar number of users though k 1 is still the largest. In this case, the UAV focuses more on serving users in S 1 while also serving the users in other sectors as much as it could. With β * = 1 − ρ/R in (37b) or the blue solid dot in Fig. 3(b) , the UAV maximizes its coverage area in S 1 and avoids wasting any coverage outside the cell.
• If ρ ∈ [ √ 2R/2, R), the coverage region of the UAV is larger than S 1 as shown in Fig. 3(c) .
As µ → 0, the UAV will still focus on covering all points in S 1 and mildly cover other sectors by choosing β
as in (36c) or the pink hollowed dot in Fig. 3(c) . It unnecessarily covers some points outside S 1 . As µ → ∞, the other sectors are also important and the UAV will not cover any point outside S 1 by choosing β * = 1 − ρ R in (37b) or the blue solid dot in Fig. 3(c) .
• If ρ ∈ [R, √ 2R), the UAV's coverage region is just not enough to cover the whole square cell as shown in Fig. 3(d) . As µ → 0, similar to the previous case, the optimal displacement is β
in (36c) or the pink hollowed dot in Fig. 3(d) . As µ → ∞, we have β * = 0 in (37c) and the blue solid dot in Fig. 3(d) . Finally, as ρ increases to be greater than √ 2R, the UAV can cover any point in the square cell and does not need to adapt to the user realizations.
VI. SIMULATION RESULTS
In this section, we evaluate the proposed adaptive UAV deployment scheme for different performance objectives in the 1D and 2D networks. We consider the downlink case and the UAV is operating with transmit power of P In the previous sections, we adopt the simple and practical majority-vote based adaptive scheme for tractable analysis, where the UAV does not need to adapt with a different β * in each realization. We now further discuss some other adaptive/non-adaptive schemes based on different side information on the user number and even their locations, which are defined as:
• Adaptive deployment with perfect user location knowledge (Perfect knowledge adaptive scheme): the UAV has the perfect knowledge of the total number of MUs and their exact locations in each realization. The UAV updates its optimal displacement in each realization to maximize the average throughput or successful transmission events of all MUs. Under this scheme, the optimal displacement factor β * (X m ) is a function of user coordinates X m in each realization. • Adaptive deployment with exact user number per sector (Exact user number adaptive scheme): the UAV only knows the number of users k i for each sector (but not the user exact locations therein) in each realization. It updates its displacement location in each realization to maximize the expected outcome of the average throughput or successful transmission probability of all MUs. Under this scheme, the optimal displacement factor β * (k i ) is a function of user numbers k i in each realization. For the 1D scenario, the analytical result of β * (k i ) for average throughput maximization is given in Appendix A and that for success probability maximization is the same as Proposition 5 as discussed in Section IV.
• Non-adaptive benchmark scheme: the UAV keeps staying at the cell center due to the homogeneous user density. We always have β * = 0 in all realizations.
First, in Fig. 4 and Fig. 5 , the performance is shown for the 1D user network case. In Fig. 4(a) , the average throughput of MU 0 is observed to be concave in β, where the simulation results match well with that of Proposition 2. We see that the optimal β * decreases with λ.
From Fig. 4(b) , we observe that, if the UAV is able to adapt to the perfect knowledge of user number and locations, the performance gain is significant, though this is difficult to realize in practice and its advantage decreases with λ. Compared to the scheme with exact user number per sector known, the majority-vote scheme is easier to implement and also achieves a very close performance for various user densities, explained as follows. Intuitively, only when the user number is very asymmetric across all sectors in one realization, the exact user number adaptive scheme that adopts a different displacement factor customized for this realization can obviously outperform the majority-vote scheme that adopts the same displacement factor across all realizations. However, this extremely asymmetric event happens rarely under the HPPP setting as all sectors have same user density λ. When we consider the average throughput over the long run, this advantage is minor and thus the two schemes have very close performance.
Furthermore, we observe that the three adaptive schemes greatly outperform the non-adaptive scheme, especially for small user density. When the traffic load is high, all realizations tend to approach average sense and it is better to be non-adaptive to meet instantaneous traffic.
In Fig. 5(a) , we show that the success probability p of the typical user is concave in β in the 1D network case, where the simulation results match the analytical results in Proposition 4. In Fig. 5(b) , we compare the four schemes in terms of success probability. Similar to Fig. 4(b) , the maximum success probabilities of the three adaptive schemes greatly outperform that of the non-adaptive scheme for low traffic load and the performance gain decreases with the traffic load. We further notice that the curve of the majority-vote scheme is aligned with that of the exact user number scheme. Moreover, if the UAV knows the perfect number and exact locations of the MUs (though difficult in practice), the success probability can be further improved, where this improvement is more significant in the high target SNR regime. Intuitively, if the UAV has smaller coverage region, knowing exact MUs' locations helps better pin-point the target MUs.
Next, in Fig. 6 and Fig. 7 , we show the performance in the 2D user network case. In Fig. 6(a) , we show that the optimal displacement factor β * that maximizes the average throughput decreases with the MU density λ. The simulation result is consistent with the analytical result given in Proposition 7. In Fig. 6(b) , we use exhaustive search method to find the optimal UAV deployment position (including both the optimal direction and optimal distance) for the perfect knowledge adaptive scheme and the exact user number adaptive scheme, respectively. The insight for the 2D network is similar to that of the 1D network except that the gap between the exact user number scheme and majority-vote scheme is slightly larger, which is due to the loss of optimality in the direction selection for the latter scheme in the 2D network. Specifically, the two schemes are equivalent as λ → 0 when there is only one user (if any) in the cell.
In Fig. 7(a) , we plot the optimal β * that maximizes the success probability of MU 0 versus the UAV's coverage radius ρ. It matches well with the analytical results in Proposition 8. If ρ < R/2, the optimal β * is flexible and can be any point within the regime of [ρ/R, 1 − ρ/R) as illustrated by the blue solid triangle, where this optimal regime shrinks with ρ. If ρ ∈ [R/2, √ 2R], the optimal β * is unique and generally decreases with increasing ρ. Intuitively, the UAV can move with a shorter distance when it has a wider coverage region. Moreover, the optimal β * decreases as the user density λ increases. One can also check that the curves with λ = 10 −8 and λ = 10
are consistent with the asymptotic discussions of µ → 0 and µ → ∞ in Corollary 5. In Fig. 7(b) , we compare the maximum success probability for the majority-vote scheme with the perfect knowledge adaptive scheme and non-adaptive scheme under different SNR thresholds, 5 where the insight is similar to that of Fig. 5(b) in the 1D network case.
In Fig. 8 , we extend the results to the multi-UAV case for 1D scenario. We consider 2n Here we adopt n = 10 for this simulation. The MUs follow HPPP with density of λ over the whole 5 We omit the exact user number scheme here due to the intractable complexity as a result of the random MU locations in the exhaustive search for the optimal UAV location.
1D line, where the total user number inside each cell is a Poisson random variable with the mean value of µ = 2λR. Similar to the single-UAV case, each UAV i also has three candidate stop points, i.e., (iR − βR, h), (iR, h) and (iR + βR, h), and the UAV adapts its location following the similar majority-vote criteria as in (1) . We consider the worst case scenario of full frequency reuse among the cells, where all the UAVs are interfering with each other. From Fig. 8 we observe that the optimal β * of the multi-UAV case is smaller than that of the single-UAV case for various user densities. Intuitively, the UAV should be more conservative in the adaptation process (i.e., not to move too close to each other) in order to avoid interfering with other cells.
Still, the insight is similar to the single-user case, where the optimal β * decreases with the user density λ.
VII. CONCLUSIONS
In this paper, we proposed an adaptive UAV deployment scheme in a Poisson distributed 1D/2D random user network, where the UAV adapts its location according to the instantaneous traffic load in different sectors within its target cell. We adopted a simple majority-vote rule to displace the UAV in the direction of the sector that has the highest number of users in each network realization. This scheme is applicable for the scenario when the exact user number/locations in each sector are difficult to obtain in practice. We designed the optimal displacement distance in the chosen sector to maximize the average throughput for the variablerate application and the success probability for the fixed-rate application, respectively. For average throughput maximization, the optimal displacement distance decreases with the average traffic load. For success probability maximization, the optimal displacement distance does not necessarily decrease with the average traffic load but depends on the target SNR. Extensive simulations show that the adaptive deployment scheme outperforms that of the non-adaptive scheme, especially for low traffic load. In the future work, we are working towards generalizing the adaptive UAV deployment in a multi-antenna and/or multi-UAV scenario. and k 2 = K 2 , and the UAV location U = U j based on (1) as follows:
, for i = 1, 2 and the conditional throughput of E C k 1 = K 1 , k 2 = K 2 , U = U j , X 0 ∈ S i equals ω i,j given in (8) . Due to the symmetric feature, we further have ω 1,0 = ω 2,0 = ω 0 , ω 1,1 = ω 2,2 = ω 1 and ω 1,2 = ω 2,1 = ω 2 . The expected throughput is thus rewritten as
where K = K 1 + K 2 . Similar to Corollary 2 and Proposition 3, we can prove that the expected throughput E C k 1 = K 1 , k 2 = K 2 , U = U j for j = 0 is strictly concave in β for β ∈ [0, 1] and the optimal β * (k 1 , k 2 ) in this realization is the solution to K j ̺ 1 −K i ̺ 2 = 0 for j = 1, 2 and i = j.
APPENDIX B: PROOF OF PROPOSITION 6
We rewrite (30) as
where Pr [k ≥ 1] = 1 − exp(−µ) with µ = 4R 2 λ.
A. Derivations of q j
We first derive the joint probability in the numerator of (39) for j = 1. Since W 0 ∈ S 1
indicates that at least one user is inside the sector S 1 , we can rewrite k ≥ 1 as k 1 ≥ 1 and k i ≥ 0 ∀ i = 1 and thus have
